Abstract A global flood risk index (FRI) is established, based on both natural and social factors. The advanced flood risk index (AFRI) is the expectation of damage in the case of a single flood occurrence, estimated by a linear regression-based approach as a function of hazard and vulnerability metrics. The resulting equations are used to predict potential flood damage given gridded global data for independent variables. It is new in the aspect that it targets floods by units of events, instead of a long-term trend. Moreover, the value of the AFRI is that it can express relative potential flood risk with the process of flood damage occurrence considered. The significance of this study is that not only the hazard parameters which contribute directly to flood occurrence, but vulnerability parameters which reflect the conditions of the region where flood occurred, including its residential and social characteristics, were shown quantitatively to affect flood damage.
INTRODUCTION
Flood is one of the most serious natural disasters today. According to the World Bank (2005) , regions affected by floods during 1985-2003 comprise more than one third of the Earth's surface, inhabited by over 82% of the world's population. The fact that the Gross Domestic Product (GDP) and the total agricultural production in these regions are three times the world's average suggests that these flood-prone regions are also resource-concentrated areas.
Floods can be caused by various events, such as intense precipitation resulting in a drastic increase in river discharge, snowmelt, ice-jam, glacial lake outburst, etc. However, the degree of damage caused by floods in a specific region is dependent on many natural and socio-economic factors, such as the density of population and assets, land use, infrastructure development (e.g. dikes and dams), and the speed and accuracy of information transmission (e.g. early warning systems). However, the relationships between these factors and associated flood risk have not been fully investigated. Here, flood risk is defined as the possibility of the degree of damage from an occurrence of flooding. Quantifying flood risk from various natural and socio-economic factors will allow us to assess how flood risk would change corresponding to the changes in population, climate and land-use conditions, and also how the policy of flood damage mitigation can potentially reduce the flood risk.
There are numerous definitions existent for "risk". Davidson (1997) explained risk as the result of hazard, exposure, vulnerability, capacity and measures, while Villagran de Léon et al. (2006) defined it as a four-dimensional concept composed of hazard, vulnerability, preparedness and capacity. Moreover, Wisner et al. (2004) argued that risk is a multiplied result of hazard and vulnerability, elaborating this concept by defining risk as the result of hazard and vulnerability divided (reduced) by capacity. Indeed, the appropriate way to define risk is still a controversial issue. Given that the assessment of flood risk is still in its infancy, however, we adopt in this study the simplest concept that "hazard" refers to the natural disasters (floods) themselves; "vulnerability" refers to whether the society can cope with these natural disasters; and "risk" refers to the integrated outcome of the magnitude of "hazard" and the degree of "vulnerability". Therefore, the "risk" is defined by the hazard multiplied by the vulnerability, and it is also equivalent to the "expected damage" from the hazard (natural disasters).
MOTIVATION AND OBJECTIVE
Previous studies on flood risk have been conducted by over 20 institutions worldwide. Here, a brief review is given.
The United Nations Development Programme (UNDP)
The UNDP (2004) has developed an event-based Disaster Risk Index (DRI) based on the regression analysis of past floods. Regression equations were constructed for each disaster type in each country, with the exposure, GDP per capita, and population density as independent variables, and the number of deaths as the dependent variable. Analysis of the data showed that countries with low GDP per capita, low density of population and high physical exposure are associated with high levels of flood risk. Relative vulnerability is defined as the result of the comparison between exposure and deaths, i.e. the lower the number of deaths to the same degree of exposure, the lower the vulnerability. Therefore, the DRI represents the risk of disaster as the degree of exposure and vulnerability.
The World Bank
The World Bank (2005) has calculated Natural Disaster Hotspots, defined as the top three deciles of the number of cumulative deaths from floods according to the Emergency Events Database (EM-DAT, http://www.emdat.be/). The data represent the average damage during the study period of 1985-2003. The hotspots were calculated globally on a grid scale (1 • and 2.5 • ). The calculated hotspots simply reflect the degree of actual damage; for example, the mortality risk from floods was determined in regions that have a large cumulative number of deaths over the study period, including eastern China, the Korean Peninsula, India, Bangladesh, Latin America and the Caribbean.
Munich Re
The Munich Re Group (2004) has developed the Hazard Index for Mega-cities (HIM), calculated by multiplying the hazard, vulnerability and exposure on a city basis. This index aims at allowing a comparison of flood risks between mega-cities, and is geared to the risk of material losses. Various natural hazards were objectively weighted by allocating their average annual losses. A catastrophic loss with a low occurrence probability was then calculated. A uniform basis of a 1000-year loss (i.e. probable maximum loss) was used. The results showed that the index is most significantly influenced by the degree of exposure, followed by the hazard, whereas the vulnerability only plays a minor role. This is possibly a result of considerably larger spread in the adopted indices of exposure and hazard than the index of vulnerability. The estimated HIM of flood is found to be particularly high in Calcutta, India and Dhaka, Bangladesh.
National Institute for Land and
Infrastructure Management (Japan) Hara et al. (2009) developed the Flood Vulnerability Index (FVI) for assessing flood risks. The FVI is an index for assessing the vulnerability to flood disasters that can be applied at the river-basin scale. It consists of a precipitation factor and three components: hydrogeographic and socio-economic factors, and countermeasures. These major components were divided into 11 indicators (i.e. sub-components), which were selected based on factor diagram analysis in terms of flood disasters. Then, the FVI values were estimated using multiple linear regression analysis for the major river basins around the world.
International Centre for Water Hazard and Risk Management (ICHARM)
The ICHARM (2007) of Japan has developed flood risk maps with hazard, vulnerability and resilience as dependent factors. Data were obtained at the country, river-basin and grid scales, based on which three flood risk maps were produced. One indicator was selected for each of the hazard, vulnerability and resilience factors. For example, the Reciprocal of Forest Area (vulnerability factor) is multiplied by the number of floods occurred (hazard factor), and then divided by the Digital Access Index (resilience factor) to derive the flood risk. The Digital Access Index was developed by the International Telecommunications Union, and characterizes a country's ability to access information and communication technology (ICT) based on infrastructure, affordability, knowledge and the quality and actual usage of ICT.
Motivation and objective of this study
Nevertheless, the aforementioned studies on flood (disaster) risks may still have the following limitations: (a) the resolution of these analyses, such as the country level, is too coarse for certain regionalscale applications; (b) most of them considered the resulting damage as the risk, but the sensitivities of contributing factors such as hazard, vulnerability, exposure and resilience were not analysed in a systematic framework; and (c) most of these studies focused on the cumulative or average damage; thus it is difficult to analyse the damage caused by a single catastrophic event, because of the averaging effect due to more frequently occurring floods with a relatively small degree of damage.
The present study aims to improve the limitations of previous flood risk studies by developing a new global flood risk index that incorporates both natural and socio-economic factors. The newly developed index is referred to as the Advanced Flood Risk Index (AFRI), which quantifies the expected value of damage caused by a single flood occurrence, as it focuses on the event scale instead of the long-term statistical trend of floods. The AFRI is a function of the metrics of flood hazard and vulnerability stratified by different flood generating mechanisms (i.e. flood types), estimated from a simple regression approach based on available global gridded data sets of influencing factors. It can be used to predict potential future flood damage, and the derived regression relationship between the AFRI and dependent factors can also be used to test the sensitivity of flood damage to the change in population, land cover and urbanization.
DATA
The globally-distributed data on flood hazard, vulnerability and damage have been collected from various sources for the study period of 1985-2000 on a 0.5
• × 0.5 • grid resolution. A brief introduction on the data used in this study is provided below.
Flood hazard data
Although many natural factors influence flood occurrence, for simplicity only the most important indicator, precipitation, is selected to represent flood hazard here. The global 0.5 • × 0.5 • gridded precipitation data set developed by Ngo-Duc et al. (2005) is utilized herein in view of its global coverage and relatively high accuracy.
3.1.1 Anomaly of weekly moving-average precipitation Since the influence of precipitation on flood occurrence depends on the flow concentration time of a basin (i.e. the accumulated time needed for a falling raindrop to reach the river and then flow downstream), precipitation that occurred within three days both before and after a recorded flood occurrence date is considered by using the following weekly moving average:
(1) and the following standardized precipitation anomaly (A week ) is used in order to facilitate global comparison:
where σ week represents the standard deviation of X week .
Return period
The return period is the average recurrence time of a hydrological phenomenon above or below a certain threshold intensity. In this study, the return period of recorded flood events, assumed to follow a Gumbel distribution, is calculated based on daily precipitation data (Ngo-Duc et al. 2005) as an indicator of the severity of precipitation for a specific region.
Flood vulnerability data
The vulnerability parameters are selected from a group of parameters covering a wide range of attributes such as economy, health, land cover, population, river and vegetation. The 48 candidate parameters (see Table 1 for the list of parameters and data sources) are chosen based on their global availability and data consistency. For example, some parameters such as flood dike length are not included since they are not available globally at present. Although most countries may have their own data on flood dikes, the definition of flood dike as well as the accuracy and specification of the data, among other aspects, are not consistent among countries. Data are obtained from relatively more reliable sources, such as UN databases, and they are collected at the most commonly available frequency (e.g. yearly) for all the time-varying parameters, such as GDP, population and forest cover during the same period as flood damage data. Thus, the socio-economic conditions at the flood occurrence time can be reflected in the analysis of flood risk.
The following five-step screening procedure was conducted on the selected 48 candidate parameters (Table 1) in order to reduce the total number of parameters and improve their appropriateness to represent flood vulnerability:
(1) Minimize the dependence among selected parameters: if several candidate parameters are highly correlated (i.e. correlation coefficient > 0.8), only one of them is kept for further testing. This step is necessary to prevent biased results, since the redundancy among intercorrelated vulnerability parameters may affect the regressed relationship and their sensitivity to flood damage parameters. (2) Spatial coverage of parameters: the available data of parameters must cover at least 80% of the world. (3) Temporal coverage of parameters: the available data of parameters must cover the target period (1985) (1986) (1987) (1988) (1989) (1990) (1991) (1992) (1993) (1994) (1995) (1996) (1997) (1998) (1999) (2000) . (4) Rationality of parameters: the selected parameters need to be those whose relationship to flood can be explained logically. (5) Utility for political implications: the selected parameters need to be useful for the policymaking of flood damage mitigation.
While the above steps (1)- (3) can be tested objectively, steps (4) and (5) have to be judged by reference to related documents and reports. If a certain parameter has been verified by previous research to have a logical relation with floods, it is treated here as an appropriate parameter in Step (4). Similarly, if a certain parameter has been considered as useful for making flood mitigation policies, then it is treated as an appropriate parameter in Step (5). Finally, those parameters which fulfil the test in Step (1) and at least three of the remaining four tests are selected as final candidate parameters as highlighted in Table 1 , by bold font.
Flood damage data
Several data sets on the flood damage are available globally, as summarized below: 3.3.1 EM-DAT EM-DAT is the flood damage database operated by the World Health Organization (WHO) in collaboration with the Centre for Research on the Epidemiology of Disasters (CRED). It largely categorizes disasters into natural disasters and technological disasters, further classifies into more detail, and also provides the damage data. The data are recorded on the country level (e.g. a typhoon event affecting several countries is recorded for each country), and include the information on damage for the cities affected. Although it provides long-term data (e.g. since the 1960s for Japan), some previous studies have reported that they are not always reliable (ICHARM, 2005) . Observatory database by each flood type, and then geo-referenced to a certain grid by the authors, and the numbers of flood occurrence in each grid are added up to generate the global maps, as presented in Fig. 1 . Incomplete records are eliminated from the data, and this gives a total of 1547 complete flood events for the study period 1985-2000.
ADRC Disaster Information Archive
Since 1995, the Asian Disaster Reduction Center (ADRC, http://www.adrc.asia/top_aca.php) has provided the Disaster Information Archive, which collects and archives flood data primarily from newspaper sources. Detailed information, such as the causes of death and economic damage, can be attained from this database. However, there are fewer records than in the above two databases; also, it only provides the data for Asian regions.
To select appropriate flood damage data, the following criteria must be fulfilled: (a) the data are provided on a global basis; (b) the geospatial Fig. 1 Results of the chi-squared test for the measure of association between the damage parameters and hazard/vulnerability parameters. All statistics over 100 have been truncated as 100. The degree of freedom is either 16 or 20, depending on whether the null data exists or not for each parameter. gridded data are available; and (c) the types of floods are provided in order to differentiate them by their causes. After careful evaluation, the only database that fulfils all of these criteria is the Dartmouth Flood Observatory Database, based on which the AFRI will be derived in the following analysis. Table 2 summarizes the selected flood damage, hazard and vulnerability parameters. The relative damage is calculated so that the influence of flood damage of different regions can be compared objectively. For example, the (grid-based) parameter Fatalities -relative (D-1-2) is the ratio of the number of deaths to the total population of a region, and the parameter Displaced -relative (D-2-2) is the ratio of the number of displaced people to the total population. Damage -relative (D-3-2) is the ratio of estimated economic losses to the GDP in US dollars. Each recorded flood is geo-referenced to all hazards and vulnerability parameters in order to produce a new database that includes both natural and socio-economic factors during the recorded flood event. That is, not only can one know the degree of damage for a certain flood event (e.g. the number of deaths, the degree of economic losses), the new database also provides information on the intensity of precipitation, population, geographical features, telecommunication levels, and so on, for the region and the period of flood occurrence. Figure 2 shows the results of the chi-squared test for the statistical significance between two hazard parameters (H-1 and H-2), 11 vulnerability parameters (V-1 to V-11), and eight damage parameters (D-1-1 to D-5), in which a total of 104 combinations is being tested (i.e. eight damage parameters are tested for their occurrence in relation to the total of 13 hazard and vulnerability parameters). The null hypothesis is that "hazard and vulnerability parameters are independent from damage parameters". The result of the chi-square test indicates that 65% of all 104 parameter combinations are within the acceptance region at the significance level of 5%, and, for certain combinations, even at the 1% significance level. Therefore, it can be concluded that the 13 selected hazard and vulnerability parameters have strong relationships with the eight selected damage parameters; hence these are suitable for subsequent use in the regression analysis, as presented below.
RESULTS
Each of the damage, hazard and vulnerability parameters is categorized into five classes so that each class has an equal number of flood events. For comparison among parameters of different units, the five classes are scored from 1 to 5, since the scale and unit of each parameter are different and also they were obtained from different sources with varying accuracy, duration and collecting methods.
The flood risk index (AFRI) is calculated by conducting a step-wise regression with a confidence interval of 95% to determine the regression coefficients for each hazard and vulnerability parameter, namely, the degree of contribution of each parameter to the variance of damage parameters.
The following formula considers the risk (damage) as the product of hazard and vulnerability parameters, and the relative influence of contributing parameters is represented by their respective exponent: 
With all parameters categorized into five classes (each class having an equal number of flood events, scored from 1 to 5), by conducting a stepwise regression to the original data set, the hazard and vulnerability parameters that best explain the variance of damage data are adopted, and this process ends when the inclusion of an additional parameter fails to increase the coefficient of determination (R 2 ) more than 1%. Then, each hazard and vulnerability parameter is substituted in the obtained regression equation by the assigned score of 1 to 5 (depending on the time and region of the flood occurrence), and thus the flood risk can be calculated from equation (3). Finally, the AFRI is derived by normalizing the damage obtained in equation (3) by the maximum value of damage of all grids so that all AFRI values range between 0 and 1. The AFRI is calculated for each flood type categorized by the Dartmouth Flood Observatory, as plotted in Fig. 1 . The total number of flood events recorded in the Dartmouth Flood Observatory Database is 1547, of which the most frequently occurring four flood types are HR (heavy rain, 60%), BR (brief torrential rain, 13%), TC (tropical cyclone, 12%) and MR (monsoonal rain, 7%).
Figure 3(a) shows a plot of the calculated AFRI for the number of displaced people ((D-2-1); flood type: heavy rain). and presents a comparison of potential flood damage caused by a certain flood type calculated based on the AFRI. As may be seen in Fig. 3(a) , the AFRI is high over areas such as the eastern Indian subcontinent and western China, while it is relatively low in arid and cold areas. Most flood-prone areas and areas near major rivers (such as the Mississippi, Amazon, and Yangtze rivers) have relatively high AFRI, apart from the European continent. This can be explained by the countermeasures towards flood disaster reduction undertaken in Europe historically, that affect the calculated AFRI in this region. In Fig. 3(b) , the record from the Dartmouth Flood Observatory is plotted for the same damage parameter and flood type ((D-2-1); heavy rain), and comparison with Fig. 3(a) shows that, for regions where the calculated AFRI is low, no flood events were recorded in the Dartmouth Flood Observatory database either. As summarized in Table 3 , the R 2 values for the total 32 regressed AFRI expressions corresponding to different combinations of flood type and damage parameter range from 0 to 0.55. As an example, Fig. 4 shows the scatter plots between the calculated AFRI ((D-2-1); heavy rain) and the damage data from the Dartmouth Flood Observatory; the correlation coefficient between them is 0.52 (i.e. R 2 = 0.27, see Table 3 ). Although the correlation in Fig. 4 is merely moderate, an increasing trend of the displaced number of people can be observed when AFRI exceeds 0.7, indicating that the AFRI for this specific damage parameter and flood type is more accurate in areas with high flood risks.
As mentioned earlier, in this study the risk is defined by the hazard parameters multiplied by the vulnerability parameters, and it is also equal to the expected damage from the hazard. However, the risk defined in this way still does not account for the empirical characteristics of past flood occurrence in a specific region. Thus, the concept of exposure is considered in the following. First, a parameter EX, is defined as the number of flood events that occurred in a grid during the target period. The AFRI is calculated only for areas where actual flood damage has occurred previously (if EX = 0, AFRI = 0), and it is related to the actual characteristics of floods in a region. The advantage of this approach is that all four types of flood can be considered separately according to their frequency of occurrence, which is unique for each region, and the risk (the product of hazard and vulnerability) is more in accord with the past flood events owing to the incorporation of the exposure concept.
For each grid, a percentage weight, w i is determined according to the past occurrence of four major flood types:
and the AFRI is calculated as the weighted sum as follows: 
The global distribution of the AFRI derived from equation (5) is plotted in Fig. 5 and is discussed in the next section.
DISCUSSION
One of the most notable advantages of the developed AFRI index is that the factors which contribute to floods can be analysed individually. Table 4 summarizes whether each hazard and vulnerability parameter indicates an increase (shown with arrow pointing up) or decrease (shown with arrow pointing down) in flood damage. From this table, the GDP per capita (V-3) for floods caused by monsoonal rain and tropical cyclones, and number of cities (V-6) for all types of floods are the parameters that lead to reduced flood damage, as well as the population increase (V-9) for the floods caused by heavy rain. This suggests that, overall, a higher density of population and assets could lead to reduced flood damage, which is consistent with the finding in the study by UNDP (2004) . One reason could be that, in regions of higher population density with most assets concentrated, disaster mitigation measures are likely to be implemented more effectively prior to disaster occurrence. This is in line with the concept of compact city development -infrastructure investment is concentrated and cost-effective. However, population increase (V-9) intensifies the damage in the case of monsoon floods, with the most prominent regions being the Indian subcontinent where the population has been growing rapidly and massive flood damage has often occurred (as shown in Fig. 3 ). Information technology factors (e.g. the number of mobile phones per population) also play a significant role in the interpretation of flood risk. Previous studies (e.g. WB 2005 , UNDP 2004 ) have shown the relationship between flood damage and socioeconomic factors, such as population or GDP, but it is worthwhile to note that our present study indicates that information technology has a close relation with flood damage, resulting in decreased flood damage for floods caused by heavy rain. Note that this factor is not proportional to GDP, as the inter-correlation between various vulnerability factors has been screened out prior to the calculation of the AFRI.
Another interesting finding is the relationship between flood damage and paddy area (V-11). While this factor shows a positive relation with damage parameters, such as the displaced and affected regions for floods caused by heavy rain and brief torrential rain, a negative relation is found with the economic damage factor (i.e. damage USD) for floods caused by monsoonal rain. A reasonable explanation is that paddy areas in general function as a reservoir that is more likely to be inundated. However, the resulting economic damage is relatively small since paddy areas are seldom located in urbanized regions. Table 4 The contribution of hazard and vulnerability parameters to flood damage for each of four major flood types. (see Table 2 for description of parameters: ↑ indicates an increase, ↓ indicates a decrease).
Heavy rain:
The potential flood risk around the globe, as shown in Fig. 3 , is calculated without considering the actual occurrence of flood events. In Fig. 5 , the AFRI (displaced number of people: D-2-1) plotted against damage with consideration of exposure (i.e. regions where floods have occurred in the target period of [1985] [1986] [1987] [1988] [1989] [1990] [1991] [1992] [1993] [1994] [1995] [1996] [1997] [1998] [1999] [2000] . Notice that Fig. 5 shows only the areas where actual flood events took place during 1985-2000; for those regions not assigned an AFRI value in Fig. 5 , this does not necessarily mean that the possibility of flood occurrence is zero. It should be emphasized that the proposed AFRI does not represent the likelihood of flood occurrence, but rather the expected damage from floods conditioned upon the past flood event occurrence. It should also be emphasized that the global pattern shown in Fig. 5 is rather consistent with that derived from the Dartmouth Flood Observatory Database (Fig. 3(b) ), whereas this is not the case between the two maps in Fig. 3 , suggesting the significance of the concept of "exposure" in characterizing flood risk. Regarding the hazard parameters, our results indicate their limited contribution to flood damage relative to the vulnerability parameters (except for that of affected regions: D-5). This is consistent with the result of Yoshimura et al. (2008) , who demonstrated the relationship between hazard and damage by using affected region as an indicator to measure the extent of damage from floods. However, the fact that the relationship between damage and hazard is only seen for the affected regions could be a result of the hazard data used (i.e. global precipitation in this study). It is commonly recognized that most of the currently available global precipitation data sets contain large uncertainty, in particular in their accuracy of representing extreme rainfall events. Similar analyses related to the risk of hazards as presented in this study call for further improvement of global precipitation data set. Moreover, the hazards can be better calculated by using river discharge data, provided that an accurate global river discharge data set will be available in the future. Figure 6 plots the AFRI in Bangladesh (D-3-2; monsoonal rain). Note that Bangladesh is selected here over India as a demonstration example, because the unit for relative damage is based on the country GDP, which is too diverse in India. This damage and flood type combination was selected for conducting the test case because the R 2 of AFRI calculation shown in Table 3 is the highest among all 32 combinations. The changed parameter for the example was GDP per capita (V-3). If the current GDP per capita in Bangladesh were to rise to the same level as that in current Japan, the AFRI would decrease from an average of 0.7 to 0.5, as shown in Fig. 7 . The estimated current economic damage in Bangladesh, represented by an AFRI of 0.7, is interpreted to be around 0.01% of the current GDP in Bangladesh. Therefore, if the GDP per capita in Bangladesh were to rise to the same level as in current Japan, it can be estimated that the economic damage from monsoonal rain floods would be approximately 0.0005% of the future GDP in Bangladesh (see Fig. 7) .
Finally, although the number of samples used in this study is relatively small, it should be emphasized that global flood damage data, collected and compiled in a standardized format, have become accessible only in recent years. Therefore, the results presented here can be considered as preliminary, and represent an initial effort toward more in-depth analysis and calculation of potential flood risks in the near future.
CONCLUSIONS
A new global flood risk index, the AFRI, based on both natural and socio-economic factors was developed in this study. The AFRI is an event-based index that indicates the expected damage from a single flood event, and, in contrast to previous studies, it targets floods by the unit of events instead of the long-term statistical trend. Moreover, the AFRI can express the relative potential flood risk, namely the relative degree of expected damage, with the flood damage occurrence being considered such that it enables comparison among different regions and periods. Although it is not interpreted by the absolute amount of damage, it is sufficient to be used as a simulation tool for policy making in urban planning and land-use policies. For example, it may be used in predicting the effects of population density or paddy area change on flood damage, or estimating the effect of dam construction on the flood damage. In addition, the research presented herein can be extended to investigate the change in flood risk due to global warming (Hirabayashi et al., 2008) .
The uniqueness of the new Advanced Flood Risk Index is that not only the hazard parameters that directly influence flood occurrence, but also the vulnerability parameters that reflect the socio-economic characteristics of a region, can be quantitatively represented in the evaluation of flood risk. Moreover, the AFRI can also be applied as an objective tool for assessing flood adaptation policies. For example, the change in expected flood damage due to alteration in land use can be predicted by the AFRI, and subsequently the results can be considered as guidelines for future urban planning. Another example is for policy makers to foresee the relationships between socio-economic change (e.g. population and economic growth) and flood damage, which will benefit the estimation of expected damage from future floods and also allow the evaluation between potential economic losses and the needed investments for the reduction of losses. This in turn can lead to more accurate cost-benefit analyses and more appropriate budget allocation.
